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currents, λV = 25 mm, γC = 1, γS = 0.01 and the regularization parameter
γφ = 10−4.
4.4.3 Setup of the Intensity-based Registration
For the intensity-based registration Section 4.3.2, three levels of B-Spline trans-
form N = 3 were applied in the multi-resolution strategy. The size of the B-Spline
grid at each level was set to 3×3×3 (approx. 94×73×87 mm), 6×6×6 (approx.
47 × 36 × 43 mm), and 12 × 12 × 12 (approx. 23 × 18 × 22 mm), respectively.
After each level of the transform, the moving image was deformed with respect
to the sum of the deformation fields from the previous levels. We used linear
interpolation method to reconstruct intensity values in non-grid point voxels.
Each level of the transformation was optimized separately using a stochastic
gradient descent algorithm [51]. The numbers of the voxel samples Ns in the opti-
misation process were chosen proportional to the number of optimized parameters
at each level and at least 104. For the Affine transform the Ns = 104 and for
the three sequential levels of the B-Spline transform Ns = (104, 104, 5 · 104) voxel
samples respectively. The maximum number of iterations was set to Ni = 1000
for every level of the transform.
4.4.4 Setup of the Combined Registration
The proposed iterative registration method from the Section 4.3.4 was iterated for
the total number of iterations N = 10. The internal parameters of the intensity-
based module were fixed as described in the Section 4.4.3, whereas the parameters
of the current-based module were set differently from registration method in
Section 4.3.1. The current-based module was applied after the intensity-based
registration, therefore the major deformations were captured by the intensity-
based registration thus the remaining deformations were expected to be smaller
than the full deformations. Therefore, we decreased the internal parameters of
the subsequent current-based registration module to λW = 2.5 mm for both vessel
and surface currents, λV = 25 mm and γφ = 10 for all the subsequent iterations.
The coefficient λ from (4.3) was set to 5× 103 for all the iterations.
The weight image w(x) was constructed as follows, first the lung surfaces were
extracted from the segmented lung regions. Reliable segmentation of vessels and
lung surfaces near the hilum area is a difficult task, therefore we erased the lung
surfaces and vessel centerlines near the hilum area by first dilating the left and
right main bronchus with a disk element of radius 20 voxels in axial plane and then
deleting the constructed dilation from the lung surfaces and vessel centerlines.
We computed the distance map to the lung surfaces and vessel centerlines and
evaluated the Gaussian kernel with the size κw = 5.0 mm on the distance image.
Figure 4.3 shows an axial, a coronal and a sagittal slice of a weight image.
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Figure 4.3: An example showing from left to right axial, sagittal and coronal
slices of a spatially varying weight image w(x).
4.5 Results
The overall accuracy of a registration method was defined as the average Eu-
clidean distance between the landmarks, target registration error (TRE), in mil-
limeters. For each image pair 300 manually placed landmarks were available in
the study [39].
Table 4.2: The target reg-
istration error (TRE) in
[mm] is reported.
It TRE [mm]
1 2.39 ± 2.16
2 1.91 ± 1.79
3 1.79 ± 1.56
4 1.79 ± 1.46
5 1.74 ± 1.36
6 1.73 ± 1.29
7 1.72 ± 1.27
8 1.72 ± 1.25
9 1.71 ± 1.24
10 1.71 ± 1.23
The average and the standard deviation of the
TRE was obtained from the complete set of 3000
landmarks. Evaluation of the combined image regis-
tration approach at each iteration averaged over the
complete set of images is reported in the Table 4.2.
Figure 4.5a shows the evolution of the mean TRE for
each case individually and Figure 4.5b shows box-
plots of the TRE for each iteration of the proposed
combined registration algorithm.
The TRE of the three registration methods
with only the intensity term, described in the Sec-
tion 4.3.2, the current-based registration, described
in the Section 4.3.1, and the proposed iterative
combined registration, described in Section 4.3.3
are compared in the Table 4.3. The overall mean
and standard deviation before the registration was
8.69± 5.99 mm. The TRE after the image registra-
tion procedure was reduced to 1.71 ± 1.23 mm, 2.39 ± 2.16 mm and 3.45 ± 3.91
mm for the proposed combined registration, the intensity-based and the current-
based registration respectively. The decrease of the average target registration
error with the proposed combined registration ranged from −17.8% to 55.4% or
−0.21 mm to 2.78 mm compared to the average TRE of the intensity-based regis-
tration. The average improvement of the proposed registration method over the
intensity-based registration method was 28.5% or 0.68 mm.
Figure 4.4 illustrates how the vessel centerlines were deformed during the
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Figure 4.4: Vessel centerlines of the moving image (blue curves) are overlaid
with the deformed vessels centerlines of the fixed image (yellow to red curves).
Deformed vessel centerlines are displayed in colors ranging from yellow to red
with respect to the iteration number of the iterative registartion algorithm.
iterations of the proposed combined registration method. Vessels in the upper
part of the lungs were correctly matched already after the first iteration of the
algorithm however alignment of the vessels in the lower part was inaccurate. The
proposed combined registration gradually improved alignment of the vessels in
the lower part of the lungs.
Visual comparison of the intensity-based registration with the proposed com-
bined registration is presented in the Figures 4.6-4.7. Images were first masked
using the segmented lung regions and background value was set to 0HU. Then
the moving image was deformed with respect to the obtained deformation field,
interpolated using linear interpolation and subtracted from the fixed image. Fig-
ure 4.6 shows the only example where the proposed registration algorithm resulted
in the larger TRE 1.39±0.96 mm than the intensity-based registration algorithm
1.18 ± 0.57 mm. Figure 4.7 shows another extreme case, where the proposed
registration algorithm resulted in the largest decrease of the TRE 2.24±2.18 mm
compared to the 5.02± 3.96 mm.
4.6 Discussion
Recently, Hub et al. [47] showed that an intensity-based registration of lung CT
scans is more reliable in areas with clearly defined vessels, while areas without
distinctive features were registered generally less accurate. Since an optimization
process of sum of square difference similarity function is driven by gradient of the
moving image, intensity-based registration method will result in less certain align-
ment of small, peripheral vessels. Conversely feature-based registration methods
rely less on the original intensities and generally include additional information
such as connectivity, filter responses, or shape models. In the current-based reg-
istration method, described in Section 4.3.1, the segmented vessel tree and lung
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Table 4.3: The mean and standard deviation of target registration error at the
landmark positions in [mm] before the registration (Original); after the current-
based registration (Curr); after the proposed combined registration (Comb It#);
and after the intensity-based registration (Intensity).
N Original Combined at It#10 Intensity-based Current-based
1 3.89 ± 2.78 1.39 ± 0.96 1.18 ± 0.57 1.47 ± 0.72
2 4.34 ± 3.90 1.17 ± 0.56 1.26 ± 0.68 2.19 ± 1.98
3 6.94 ± 4.05 1.39 ± 0.75 1.91 ± 1.15 3.30 ± 3.05
4 9.83 ± 4.86 1.70 ± 1.03 2.12 ± 1.52 3.34 ± 2.67
5 7.48 ± 5.51 1.87 ± 1.45 2.23 ± 1.79 3.83 ± 3.54
6 10.89 ± 6.97 1.98 ± 1.07 1.98 ± 1.11 2.85 ± 1.67
7 11.03 ± 7.43 1.85 ± 1.11 2.99 ± 2.09 3.61 ± 4.05
8 14.44 ± 7.16 2.24 ± 2.18 5.02 ± 3.96 5.59 ± 7.01
9 9.24 ± 3.54 1.85 ± 1.06 2.05 ± 1.06 2.89 ± 2.07
10 7.63 ± 6.04 1.72 ± 1.12 2.50 ± 2.11 5.47 ± 5.66
All 8.69 ± 5.99 1.71 ± 1.23 2.39 ± 2.16 3.45 ± 3.91
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Figure 4.5: Average target registration error [mm] evolution during the iterations
of the combined registration method for every image pair in the study, plot (a).
Overall distribution of the TRE [mm] showed in the box-plot (b).
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Figure 4.6: The difference images of the intensity-based registration (first row)
and the corresponding difference images of the combined registration (second row)
for the case #1. The TRE of the intensity based registration was 1.18±0.57 mm
and 1.39± 0.96 mm for the two registration methods respectively. The difference
images are displayed in the intensity range [−300; 300]HU.
Figure 4.7: The difference images of the intensity-based registration (first row)
and the corresponding difference images of the combined registration (second row)
for the case #8. The TRE of the intensity based registration was 5.02±3.96 mm
and 2.24± 2.18 mm for the two registration methods respectively. The difference
images are displayed in the intensity range [−300; 300]HU.
surfaces are represented with the set of unit vectors regardless of the original
image intensities. Thus large and small vessels are assigned the same weight in
the feature-based registration and are equally important in the registration.
Assuming that the feature-based registration aligns unclear structures like
peripheral vessels better than the intensity-based registration we incorporated
the deformations of the segmented features into the intensity-based registration
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via a spatially varying weight. The maximum weight of 1 is at the lung borders
and the vessel centerlines and decays elsewhere, thus implies the perfect fit of
the deformation fields at the location of the segmented structures. However, the
actual effect of the constraint propagates within the support of the closest B-
spline basis functions. Thus final solution brings minimum both to the sum of
squared intensity differences far from an anatomical structure and the differences
in the deformation fields close to it.
The proposed combined approach resulted in more accurate registration as-
sessed via the set of manually selected landmarks. The average target registration
error was 1.71 ± 1.23 mm for the proposed combined method compared to the
intensity-based registration alone 2.39± 2.16 mm and the current-based registra-
tion of features 3.45 ± 3.91 mm. The registration errors were comparable with
the results reported in another study [56], where the registration procedure was
applied to only the first three cases and the final accuracy was computed on an
extended set of landmarks. The reported average target registration error was
1.59 mm.
In nine out of ten cases, the proposed combined method outperformed the
intensity-based registration. The case where the average target registration er-
ror increased after the combined registration is displayed in Figure 4.6. Al-
though the increase in TRE was statistically significant, there were no major
mis-registrations in the final difference images. While in the another extreme
case in Figure 4.7, where the combined registration significantly decrease TRE
compared to the intensity-based method, alignment of the vessels was visibly
better.
Several reasons may lead to a significantly higher TRE for the current-based
registration alone. First, appearance of the vessels in the end inhale and the end
exhale phases of the 4D-CT scans varies significantly therefore reliable segmen-
tation with a fully-automatic method is difficult to obtain. Furthermore, center-
line extraction is difficult to reproduce with the voxel size accuracy. Figure 4.8
shows an example where the segmented vessel centerlines did not resemble vessels
because of the apparent motion artifacts and abnormalities presented in the im-
age. Second, current-based registration alone was performed on twice larger scale
than the current-based registration in the combined approach. A more consistent
comparison should be performed where a current-based registration is applied in
multi-resolution strategy.
The registration task of lung CT scans, where intensity abnormalities pre-
sented only in one of the images could be one of the potential applications of
the proposed combined registration. Another application could be registration of
lung vasculature with attached nodules, where accurate registration of vessels is
a key issue in nodule growth analysis.
To conclude, in this chapter we presented a general framework for combin-
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Figure 4.8: An example of a difficult case (#6), where the vessel centerlines were
unreliable. Plot (a) shows an axial, a sagittal and a coronal slices of the original
image, plot (b) shows the corresponding vessel centerlines of the right lung and
zoom with the constructed currents.
ing feature-based and intensity-based registration methods via incorporating a
constraint on deformation field. We combined the previously developed current-
based registration of anatomical lung structures with an intensity-based registra-
tion method and applied it to ten image pairs of end inhale and end exhale phases
extracted from 4D-CT images. The proposed registration method performs bet-
ter than the feature-based method and the intensity-based method alone. The
improvement assessed using a set of manually selected landmarks was on average
28.5% or 0.68 mm compare to the intensity-based method and 50.4% or 1.74 mm
compare to the current-based registration methods.

Chapter 5
Evaluation of Methods for
Pulmonary Image Registration
2010: Challenge Results
This chapter is based on the publication ”Mass Preserving Image Registration:
Results of Evaluation of Methods for Pulmonary Image Registration 2010 Chal-
lenge”, Gorbunova V., Sporring J., Lo P., Dirksen A., de Bruijne M., to ap-
pear in proceedings of Grand Challenges in Medical Image Analysis Workshop
in conjunction with Medical Image Analysis and Computer Assisted Intervention
Conference 2010.
5.1 Introduction
The EMPIRE challenge was organized in conjunction with the Grand Challenges
in Medical Image Analysis Workshop at Medical Image Analysis and Computer
Assisted Intervention Conference (http://empire10.isi.uu.nl/). The goal of the
challenge was two-fold, first to compare existing registration methods from dif-
ferent research groups on exactly the same dataset; and second to investigate
common problems of the existing registration methods.
We applied the mass preserving registration algorithm, described in Chapter 2
for the challenge. Since the challenge was conducted during the last month of
my PhD study, further improvements of the mass preserving method are not in
the scope of the thesis and should be considered as recommendations to those
researchers who decided to work with the similar registration method.
63
64
CHAPTER 5. EVALUATION OF METHODS FOR PULMONARY IMAGE
REGISTRATION 2010: CHALLENGE RESULTS
5.2 Evaluation
The goal of this section is to describe evaluation methodology which has been used
in the EMPIRE challenge. The methodology was developed by challenge organiz-
ers and analysis was performed also by challenge organizers. Here I provide brief
overview of the evaluation methodology in order to facilitate understanding of
the final results. For details please check the web-page http://empire10.isi.uu.nl.
Evaluation procedure consisted of four main components: alignment of lung
boundaries; alignment of major fissures; target registration error between manu-
ally annotated point pairs; and analysis of singularities in the deformation field.
5.2.1 Lungs Boundary Alignment Scores
Lung fields were segmented using an automatic hybrid method based on the
conventional regional growing technique with an additional error detection step,
where an advanced multi-atlas segmentation algorithm was applied for final cor-
rections [109]. Once the lung fields were segmented and lung borders were ob-
tained, two regions in the images were defined. The first region Ωout was the
outer region outside the lung fields but within 2 to 20 mm distance from the lung
borders; the second inner region Ωin was inside the lung fields also within 2 to
20 mm distance from the lung borders. This procedure was applied for both the
fixed and the moving images, thus resulting in total of four regions Ωinf , Ω
out
f
and Ωinm , Ω
out
m . Given the deformation field ~D from a registration procedure, all
voxels within the two regions in the fixed image were deformed with respect to
the deformation field. Voxels which were placed in the opposite region in the
moving region were considered as the wrongly matched voxels. An example of a
wrongly matched voxel is a voxel in the inner region v = (x, y, z) ∈ Ωinf , which
was positioned in the outer region in the moving image (v + ~d(x, y, z)) ∈ Ωoutm
after applying the deformation ~d(x, y, z). Final error score was the percentage
of the wrongly matched voxels that belongs to one region in the fixed image but
positioned into the opposite region in the moving image.
5.2.2 Major Fissures Alignment Scores
Fissures are important anatomical lung structures which separate lungs into
lobes. Human right lung contains three lobes including the upper, middle and
lower lobes, while left lung contains only two lobes upper and lower lobes. Both
lungs have the major (or oblique) fissures, which separate the upper lobe from
the lower lobe in the left lung and upper and middle lobe from the lower lobe in
the right lung. Lung lobes can slide along the fissures and result in discontinuous
deformations at the lung fissures. Furthermore, fissures are very thin structures
and it is particularly difficult to match the fissures accurately. Fissures were seg-
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mented using an automatic segmentation algorithm [110] and further inspected
and corrected manually if needed. The horizontal fissure which separates upper
lobe from the middle lobe in the right lung was not included into the analysis.
To assess accuracy of a registration algorithm near the major fissures the same
analysis was done as for the lung borders. Inner and outer regions were defined in
the fixed and the moving lungs, and the final fissure alignment score was defined
as the overall percentage of lung voxels inside the outer or inner regions in the
fixed image, which were positioned in the wrong region in the moving image.
5.2.3 Point Correspondence Scores
Lungs boundaries alignment and fissures alignment scores only assessed registra-
tion accuracy in the limited area of lung fields. In order to investigate regis-
tration accuracy inside the lung fields, corresponding points or landmarks were
annotated in the two images. Analysis of the target registration errors between
the corresponding landmarks remains the most widely used quantitative mea-
sure of accuracy of an image registration algorithm. For the EMPIRE challenge,
landmarks were identified semi-automatically as in [23]. For each image pair 100
landmarks well distributed inside the lung fields were annotated. The maximum,
minimum and average Euclidean distance between the corresponding landmarks
were computed for each image pair in left, right or both lungs. Additionally,
average distance between the landmarks in anterior-posterior direction (AP), in
superior-inferior direction (SP), and in left-righ (LR) directions was computed
for both lungs.
5.2.4 Singularity of Deformation Field Scores
Singularity points in the lung fields were defined as points where determinant
of the Jacobian of the transform was below or equal to 0. Determinant of the
Jacobian characterizes local deformations, if det(J(x)) > 1 then expansion of
the fixed image space is observed in the point x which corresponds to the con-
traction of the moving image space in the transformed point y = T (x). Vice
verse, det(J(x)) < 1 is contraction of the fixed image space at the point x or
expansion of the moving image space in the point y. The percentage of points
where det(J(x)) ≤ 0 was defined as the final singularity score of the registration
algorithm.
5.3 Results
Registration was applied on a set of 20 image pairs where each pair was obtained
from the same subject. Two image pairs were sheep chest CT scans, the remaining
18 were human lung CT scans. Dataset included images acquired from different
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Table 5.1: Table presents total scores of the evaluation procedure for each case,
and an average over the complete dataset. Absolute difference between the lung
volumes, ∆TV = Vf − Vm, and relative lung volume difference 100 · 2 · Vf−VmVf+Vm
are given in the table for reference. Symbol * marks sheeps lung CT scan image
pairs.
∆TV Total scores averaged over both lungs
ID [%] [L] Fiss.[%] Rnk Bound.[%] Rnk Sing.[%] Rnk Point[mm] Rnk
1 -61.66 -2.86 0.0487 11 0.2261 24 0 11.5 5.20 22
2 0.32 0.04 0 15 0.0003 26 0 12.5 0.62 24
3 8.20 0.60 0.0040 27 0.0016 24 0 12 0.76 28
4* -21.61 -0.42 0 16.5 0.0006 8 0 14 1.11 13
5 2.39 0.11 0 16 0 13 0 13.5 0.35 25
6 -2.29 -0.08 0.0043 15 0 16 0 14 0.36 14
7 -43.92 -3.39 0.7549 11 0.2187 22 0 10 5.08 23
8 -21.72 -1.27 0.0812 18 0.0213 21 0 12.5 1.88 24
9 3.70 0.28 0.0002 16 0.0023 26 0 13 0.94 27
10* -30.12 -0.62 0 15 0.0055 16 0 13 1.56 12
11 -23.49 -1.39 0.2693 21 0.0896 20 0 11.5 2.27 25
12 0.46 0.03 0.0378 31 0 10 0 14.5 1.32 30
13 8.13 0.35 0.1106 21 0.0030 25 0 13 1.26 24
14 -43.93 -3.00 3.0189 12 0.1691 21 0 9.5 5.42 20
15 5.20 0.29 0 7 0.0003 25 0 12.5 0.77 22
16 19.45 0.47 0.4048 26 0.0010 18 0 13.5 1.34 18
17 4.76 0.25 0.0551 19.5 0 6.5 0 14 1.16 23
18 -46.44 -2.91 5.1067 23 0.0954 21 0 10.5 5.14 22
19 -1.10 -0.06 0 12 0 14 0 14.5 0.65 25
20 -45.63 -2.66 9.9041 28 0.1233 24 0.012 26 6.76 22
All -14.47 -0.81 0.9900 18 0.0479 19 0.0006 13 2.19 22
phases of 4D-CT and 3D scans, images acquired at maximum inspiration and
maximum expiration breathholds. Subjects with severe lung disease as well as
relatively healthy subjects were included into the study. In-plane spacing varied
from 0.4688× 0.4688 mm to 0.9766× 0.9766 mm, and slice thickness varied from
0.6 mm to 2.5 mm. Lung masks were provided along with the image pairs by
challenge organizers.
Table 5.1 presents total evaluation scores averaged over both left and right
lung regions, for reference we included lung volume difference between the fixed
and the moving images. For every evaluation score in the Table 5.1, the rank
of our registration method is given. The rank indicates the final placement of
out mass preserving registration method compare to the other 33 participants.
Correlation of the relative lung volume difference with the landmark alignment
score was −0.87 (p < 10−6); with the lung boundary alignment score was −0.85
(p < 10−5); with the fissure alignment score was −0.52 (p = 0.02); and with the
singularity score = 0.31 (p = 0.18).
Elaborate results for every case in the study are reported in the Appendix 5.4.
5.3. RESULTS 67
Figure 5.1: Each subplot shows overall rank versus the relative volume difference.
Table 5.2 presents details on the landmark alignment score, the target registration
error, computed in only the left or the right lung regions, in the upper or the lower
regions of both lungs or over the both right and left lung regions. Additionally, the
minimum, maximum and average of target registration error and average distance
in anterior-posterior (AR), superior-inferior (SI) and left-right (LR) directions is
reported in the Table 5.2. Table 5.3 presents details on the segmentation-based
scores computed for only the left or the right lung regions; for only the upper or
the lower regions of both lungs or over the both right and left lung regions.
Figure 5.1 displays relationship between the ranking of the mass preserving
registration and the relative lung volume difference between the fixed and the
moving images.
In order to investigate spatial properties of the mass preserving registration
method, we performed Student’s t-test between the scores for the right and the
left lung regions, between the scores for the top and the bottom regions of both
lungs and between the three spatial directions AP, SI and LR. The following
scores differ significantly:
• Alignment of the upper part of lung boundaries 0.0033% is significantly
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better than the alignment of the lower part of lung boundaries 0.0826%,
the corresponding p-value 0.014;
• Landmark alignment in the upper part 1.92 mm is significantly smaller than
landmark alignment in the lower part 2.49 mm, p = 0.030;
• Landmark alignment in the LR direction 0.75 mm is significantly smaller
than both alignment in AP 1.24 mm and SI 1.13 mm directions, with the
corresponding p-values 0.0034 and 0.0097 respectively.
5.4 Discussion
Data analysis showed clear asymmetry in the fixed and the moving images. Lung
CT scan with smaller lung volume in the image pair were usually set as the fixed
image in the registration framework. The relative volume difference between the
lungs of the fixed and the moving images was on average ∆TV = 100· Vf−Vm(Vf+Vm)/2 =
−14.47%. This potentially leads to a more difficult registration problem than if
the image with the bigger lung volume is chosen as the fixed image. In the mass
preserving registration, the moving image is being deformed and interpolated
after every level of the transform. Shrinkage of the moving image results in
the increase of the density of lung parenchyma thus making lung parenchyma
less distinguishable from the vessels. In the opposite case, the moving image is
expanded and intensity of lung parenchyma decreases potentially leading to a
more accurate alignment of vessels.
In 19 out of 20 cases, the proposed method produced invertible deformations.
In the remaining case only for negligible percentage of voxels 0.01 % singular-
ities occurred. Since we did not include the regularizer as a part of the cost
function, we can conclude that with the multi-level transform strategy and the
current setup of the optimization procedure we almost achieved invertibility of
the transformation.
Overall mass preserving registration achieved an average landmark alignment
score of 2.19± 2.05 mm and the median was 1.29 mm. The average ranking for
this score 22.15 was larger than average ranking for the remaining scores, ranging
from 13.28 to 19.03. One of the reasons for large landmark alignment score could
be in a large B-Spline grid, the average size of the B-Spline grid at the final
transform level was 2.4 × 1.8 × 2.3 cm3. Although it could be further improved
by applying additional levels of B-Spline transform with smaller grid size, it will
also lead to the increase of the complexity of the image registration algorithm.
In all the 5 cases, where the average landmark alignment score was above 5
mm, optimization procedure was stopped because of the maximum number of
iterations 1000 was reached. This could be improved by increasing the number
of maximum iterations.
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Figure 5.1 shows weak trend between the rank of the mass preserving regis-
tration algorithm and the relative lung volume difference for the fissure alignment
and singularity scores. For the scan pairs with large lung volume difference, the
mass preserving image registration method was generally ranked higher.
The mass preserving registration method was ranked 20th out of 34 partici-
pants. Consider the fact that number of degrees of freedom in the transformation
function was relatively small, we conclude that our registration algorithm was
able to capture lung deformations with a relatively simple deformation model
with acceptable spatial accuracy of 2.19 mm.
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Chapter 6
Mass Preserving Image
Registration For Monitoring
Emphysema Progression
This chapter is based on the publication ”Weight Preserving Image Registration
For Monitoring Emphysema Progression”, Gorbunova V., Lo P., Ashraf H., Dirk-
sen A., Nielsen M., de Bruijne M., in proceedings of Medical Image Computing
and Computer Assisted Intervention Conference in 2008.
6.1 Introduction
Chronic Obstructive Pulmonary Disease (COPD) is the fourth leading cause of
death in the world [5]. COPD encompasses both small airway disease and emphy-
sema which is characterized by the destruction of lung parenchyma. The current
gold standard for diagnosing COPD is based on lung function tests (LFT) such
as the forced expiratory volume in one second (FEV1) and forced vital capacity
(FVC). These methods are well suited for diagnosing COPD but lack the sensi-
tivity and reproducibility to detect mild emphysema or small changes in disease
status.
CT analysis allows the quantification of emphysema with a higher accu-
racy, even in early stages. Emphysematous regions appear as areas with low-
attenuation in CT scans of the lungs, suggesting that CT image intensities can
be used to quantify the severity of emphysema. Averaged lung density, n-th
percentile density, and relative area with attenuation below, e.g., -910HU (em-
73
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physema index, RA-910HU) have all been successfully applied as emphysema
measures. However, current CT emphysema measures have two major draw-
backs: measurements are averaged over the complete lung region, which makes it
difficult to detect small and localized differences, and they are strongly influenced
by variations in the inspiration level [17]. For accurate monitoring of disease de-
velopment and progression one should be able to analyze regional changes. We
propose to use image registration for this purpose. Non-rigid image registration
of lung CT scans has previously been used as an aid in determining growth of
lung nodules [74], but to our knowledge has not been applied to longitudinal
studies of emphysema.
There exist two fundamentally different approaches to analyzing regional
changes in longitudinal studies or image sequences using registration. One ap-
proach considers an almost perfect registration and subsequently analyzes the
deformation field. This approach has for example been applied to lung SPECT
and CT scans to analyze breathing motion [53]. The second approach aims at
compensating for gross deformation caused by other factors not related to the
disease process, and subsequently analyzes the differences in local appearance or
intensity between the target and the registered image as a measure of disease
progression. The second approach is taken in this chapter: registration is used to
correct for expected normal lung deformation and differences in inspiration level
between scans, whereas the finer scale disease process of growing and merging
emphysema bullae is revealed in the difference images.
In repeated breath-hold scans of the same subject, the difference in total lung
volume between scans is often more than a half liter, even if the subjects are
instructed to hold their breath at maximum inspiration. This has a large effect
on the density of lung tissue in the CT scan and on common density derived
measures of emphysema [17]. To correct for differences in inspiration level we
used an assumption of total lung mass preservation throughout the respiratory
cycle which was discussed previously in [82]. We propose to constrain the image
registration to preserve local and global mass of lungs during deformation and
adjust voxel intensity values with respect to local volume changes. A composition
of affine and multi-level free-form registration was applied to align the baseline
scan with the follow up and the obtained difference maps were analyzed for local
tissue loss. The main advantages of the proposed method are: (a) it is robust to
significant difference in total lung volume between baseline and follow-up scans;
(b) it is capable of estimating regional destruction of lung tissue.
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6.2 Method
6.2.1 Mass Preserving Image Registration
First baseline image was registered to the system of the coordinates of the follow
up image using the mass preserving image registration presented in Chapter 2.
Because experiments in this Chapter were conducted in the beginning of my PhD
study, the set-up of the registration framework here differs from the Chapter 2.
The essential differences are: regions outside of the lung fields were included in
the fixed and the moving image regions; a limited memory algorithm for bound
constrain optimization [111] was used to minimize the dissimilarity function; and
complete set of image voxels in the image was used in the optimization procedure.
Once the correspondence between the two images was obtained, baseline im-
age was deformed and intensities of the baseline image were adjusted with respect
to the local volume change measured from the determinant of Jacobian of the
transformation.
6.2.2 Measure of disease progression
We first subtracted the registered baseline image from the follow up, thus forming
an intensity difference image, where negative areas indicate local loss of lung
tissue and thus progression of emphysema. To reduce the effect of noise and
interpolation artifacts around vessel boundaries, the resulting difference maps
were filtered with a median filter of size 3 × 3 × 3 and masked with the dilated
vessel masks and segmented lung regions from both images.
We assumed only voxels x = (x, y, z) with intensity difference within the
interval (−500;−50) are disease-related. The reason for this is to remove artifacts
due to interpolation and inaccurate registration and reduce the influence of noise.
We compute an average density loss measure µ over overlapping lungs volume V ,
by summing the disease-related intensity differences, given as:
µ =
1
V
∑
ΩD
If (x)− Ib(T (x)), (6.1)
where the symbol ΩD = {x|If (x) − Ib(T (x)) ∈ (−500;−50)} denotes the set of
voxels with intensity difference within the (−500;−50) HU range.
6.3 Experiments and results
We evaluated the method on a set of 29 low dose CT image pairs collected from
the Danish Lung Cancer Screening Trial. The images are selected such that they
have a considerable difference in total lung volume (0.6± 0.5L) between baseline
and follow up scans. The in-plane resolution was 0.78×0.78 mm and the slice
thickness was 1 mm. Image pairs have a time interval between baseline and
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Figure 6.1: A difference image illustrating an example of mass-preserving image
registration, showing the deformed baseline image subtracted from the follow up
image. From left to right the mid-axial, coronal and sagittal slice is shown.
follow up of approximately one year. Of these, at baseline 11 subjects had no
COPD according to the GOLD guidelines [5], 5 were classified as having mild
COPD, and 3 as moderate (FEV1/FVC = 66± 10). At follow up, 5 subjects are
healthy, 11 have mild COPD and 3 have moderate COPD. 10 Image pairs were
collected with a 3 month interval, of these 9 subjects had no COPD and 1 had
mild COPD (FEV1/FVC = 74± 4).
To save computation time, the original CT lung scans were cropped according
to the segmented lungs before image registration. A gradient descent algorithm
was used for optimizing the parameters of the affine transform. The multi-level
B-Spline transform was optimized using the L-BFGS method [36]. The first
level was performed on a grid resolution of 3 × 3 × 3 grid points on the image
domain, the second level on a resolution of 6 × 6 × 6 grid points and the finest
level on a 12 × 12 × 12 or 2.5 × 2.5 × 2.5 cm3 grid. The first two levels of the
B-Spline transform were applied to smoothed and sub-sampled versions of the
images whereas the finest level was applied to the original images. The image
registration framework was implemented with ITK [69].
Figure 6.1 shows the result of described image registration technique for an
arbitrary subject. Differences in subject positioning within the CT scanner and
part of the changes in lung volume were corrected via affine registration. The
first level of the B-Spline transformation aligned global lung structures such as
the lobes and diaphragm. The second level performed on the same resolution
as pulmonary segments and adjusted internal lung deformations. Finally, the
finest level corrects for deformations in the subsegmental level. Figure 6.1 shows
clearly that the majority of internal lung structures is aligned with about 2-
3 voxels accuracy; only a few misalignments near the lung and bronchial tree
borders remain.
To verify the preservation of mass during the registration procedure, we com-
pute the lung mass for standard and mass-preserving registered images and com-
pare it with corresponding original image characteristics. The mean squared
difference between the lung mass of the original baseline image and the regis-
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tered image for standard image registration is 1.18 ·10−2kg, two times more than
for the proposed mass-preserving registration technique (5.09 · 10−3kg).
Examples of obtained local disease progression maps for four subjects with
various values of differences in total lung volume and LFT are shown in Figure 6.2.
The areas outside the lung and the vessel masks were excluded from the difference
maps. Representative axial slices were chosen close to the carina point.
(a) Patient with ∆TLV = 0.64L, mean FEV1/FVC = 69 and decrease in FEV1/FVC
= −9.3
(b) Patient with ∆TLV = 0.48L, mean FEV1/FVC = 68 and decrease in FEV1/FVC
= −7.5
(c) Patient with ∆TLV = 1.06L, mean FEV1/FVC = 65 and decrease in FEV1/FVC
= −11.2
(d) Patient with ∆TLV = 0.39L, mean FEV1/FVC = 69 and decrease in FEV1/FVC
= −0.3
Figure 6.2: Left most column shows an axial slice of a baseline scan; second col-
umn shows the most corresponding slice on the follow up scan with notable regions
of emphysema progression indicated by arrows; third column shows the corre-
sponding slice in difference image for the standard image registration technique;
most right column shows difference image for mass-preserving image registration.
The original scans were both thresholded at -910HU to reveal emphysematous
areas; the difference images were median filtered and viewed at intensity window:
0 to -200.
The resulting measure of disease progression is correlated to changes in RA-
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Figure 6.3: Relationship between annual difference in FEV1, difference in RA-
910HU, and averaged mass loss in HU computed for the mass-preserving image
registration for a group with 1 year time interval.
910HU and difference in FEV1 between baseline and follow up visits. Scattered
plots are shown in Figure 6.3 We expect a positive correlation between our mea-
sure of disease progression and annual difference in FEV1 but not perfect, since
this measure is known to vary substantially [14]. The correlation coefficient be-
tween annual difference in FEV1 and the registration based measure for stan-
dard registration ρdiffFEV1,µ = 0.1 (p = 0.69) and for mass-preserving registration
ρdiffFEV1,µ = 0.47 (p = 0.04). The correlation coefficient between RA-910HU and
registration based measurement for standard case ρRA-910,µ = 0.82 (p < 0.01)
and for mass-preserving registration ρRA-910,µ = 0.73 (p < 0.01). The correlation
coefficient between RA-910HU and annual difference in FEV1 ρdiffFEV1,RA-910 =
0.04 (p = 0.87).
To estimate influence of the inspiration level for the standard and mass-
preserving image registration techniques we computed the correlation coefficients
between difference in total lung volume and proposed disease progression measure
for subjects scanned with 3 month interval. The correlation coefficient between
the difference in total lung volume and the registration based measure for stan-
dard registration ρdiffTV,µ = 0.92 (p < 0.01) and for mass-preserving registration
ρdiffTV,µ = 0.51 (p = 0.14).
6.4 Discussion and Conclusions
The proposed image registration method performed well for cases with consider-
able total difference in lung volume between baseline and follow up scans, both
mass-preserving and standard registration generally align internal lung structures
within 2mm.
The proposed mass-preserving image registration maintained the total mass
of the lungs better than a standard registration approach. Remaining deviation
between the original and registered image mass occurred due to natural limita-
tions of the image registration technique such as the smoothing effect caused by
linear interpolation and B-spline transformation.
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The first three subjects in Figure 6.2 had a substantial increase in total lung
volume from baseline to follow up, causing RA-910HU as well as standard regis-
tration to overestimate the changes in emphysema. The mass-preserving differ-
ence maps appear less dark in areas where there is no apparent disease progression
in the original images. The darker areas in the mass-preserving difference maps
correspond to localized areas of local emphysema progression clearly visible in
the original images, while the difference maps based on standard image regis-
tration suggest a more diffuse tissue loss in the entire lung region. In the fourth
case, where the difference in total lung volume was relatively small, both methods
performed similar.
Comparison of the average local tissue loss with RA-910HU revealed a good,
but not perfect correlation which indicates that the two measures may carry
different information. Although we found low correlations with annual difference
in FEV1 in this small sample, the measure based on mass preserving registration
does seem to agree better with annual difference in FEV1 than do RA-910 and
local progression measured using standard registration. This suggests that the
proposed method may be more sensitive to subtle changes in disease status. It
should be noted that the annual loss of tissue in most subjects with emphysema
is very low, especially among normal smokers and mild COPD subjects, which
constituted the majority of our test population. In future work we will investigate
the proposed measures in a larger sample and with longer follow-up times.
To conclude, we propose an image registration based method for quantifica-
tion of COPD disease progression which can estimate local destruction of lungs
tissue and is less effected by differences in inspiration level than currently avail-
able methods.

Chapter 7
Early Detection of Emphysema
Progression
None of us is as smart as all of us.
— japanese proverb.
This chapter is based on the publication ”Early Detection of Emphysema Pro-
gression”, Gorbunova V., Jasobs S., Lo P., Dirksen A., Nielsen M., Bab-Hadiashar
A., de Bruijne M., to appear in proceedings of Medical Image Computing and
Computer Assisted Intervention Conference in 2010.
7.1 Introduction
Emphysema is one of the most common chronic obstructive pulmonary dis-
eases [5]. It is characterized by irreversible destruction of the lung parenchyma
and usually caused by smoking [112].
In clinical practice, the severity of emphysema is commonly assessed using dif-
ferent lung function tests. Along with the lung function tests chest CT scans has
been used for diagnosis of emphysema and detection of emphysema progression.
The standard CT density scores, such as relative area (RA) below certain thresh-
old, e.g. -950 HU or -910 HU, and the n-th percentile density (nPD) of the lungs,
were applied to estimate the emphysema progression [17, 16]. CT densitometry
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scores have shown to be more sensitive measures of emphysema progression than
lung function tests [16].
One of the major drawbacks of the standard CT density scores is their depen-
dency on the inspiratory level [31, 29]. Another important drawback is the lack
of sensitivity, since the emphysema progression could only be measured once the
intensity of lung tissue decreases below the standard threshold. Texture analysis
may resolve this problems. This issue was investigated in a recent study, where a
texture-based classification approach was proposed as alternative to the standard
emphysema scores [113]. The results showed that the texture-based approach
outperforms the RA scores in differentiating diseased from healthy subjects.
Several studies proposed how to estimate disease progression from longitu-
dinal CT scans [31, 29]. Authors proposed a method where CT scans are first
registered to a common framework and then emphysema progression is estimated
based on the average intensity decrease between the two successive scans.
In this chapter, we propose a more general way of assessing emphysema pro-
gression between a pair of images. Firstly, images are registered to a common sys-
tem of coordinates. Secondly, local image histograms at a given location are ob-
tained and dissimilarity measures between the histograms are computed. Thirdly,
a measure of progression at the given location is derived from the dissimilarity
measures. Finally, an overall disease progression score between the two images
is computed. In this chapter, the proposed method is applied to detect emphy-
sema progression in a longitudinal study of patients with Alpha-1 antitrypsin
deficiency [16].
7.2 Method
In this section we describe in details the workflow of the algorithm. The first
subsection 7.2.1 briefly recalls the image registration method that is applied to es-
tablish the spatial correspondence between images. The following subsection 7.2.2
presents how local dissimilarities are constructed. The last subsection 7.2.4 de-
scribes how the local disease progression score on subject level is derived from
the set of local dissimilarity measures.
7.2.1 Registration
The image registration framework presented in Chapter 2 is used to register
the follow up images I2..5 to a system of coordinates of the baseline image I1.
The framework starts with a preprocessing step, where the lung fields are ex-
tracted from the CT scans and the background value is set to 0 HU. First, an
affine transform is applied to correct for global deformations. Then a series of
multi-resolution B-Spline transforms with decreasing grid resolution is applied to
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the affinely registered images. Each transform is optimized using the stochastic
gradient descent method.
Finally, the moving image is deformed based on the obtained deformation
field. To minimize the intensity differences in the fixed and moving images caused
by the difference in inspiratory level, the intensities of the deformed image are
adjusted with respect to the Jacobian determinant of the deformation field as
proposed in Chapter 2.
7.2.2 Local Image Features
The registration algorithm results in dense spatial correspondence, but small
misregistrations in the order of 1 mm remain. To minimize the impact of the
misregistration, we propose to compare points in the different images using a
simplified version of locally orderless images (LOI) [114], where the inner, outer
and tonal scales where fixed. A local histogram is constructed using a weighted
window function centered around a point x0. Given an image I(x0, σ) that is
observed under the fixed inner scale σ, the LOI at a point x0 is defined as follows:
hI(i;x0, α) =
1
(
√
2piα)3
∫ x
0
A(x,x0, α)e−(I(x,σ)−i)
2
dx, (7.1)
where α is the outer scale, which corresponds to the size of the window function
A(x,x0, α) = e
(x−x0)·(x−x0)
2α2 and i is an intensity value.
In order to capture different features, in addition to the original image I,
LOIs are also computed from the blurred image and the gradient magnitude.
The feature images are all observed under the same scale, which is achieved by
blurring the images using a Gaussian kernel with a standard deviation of σ.
7.2.3 Dissimilarity Measures
Given the two histograms h1(i;x) and ht(i;x) obtained in the same anatomical
point x from the two images I1 and It respectively, we compute a set of dissimilar-
ity measures D(I1, It)(x) = {di(h1(i;x), ht(i;x))} between the histograms. Later
in text we denote the histograms using shorter notations h1 and ht.
In this paper, we use two classes of dissimilarity measures. First class consists
of L1-norm and Kullback-Leibler divergence between the two histograms d1 =
||h1 − ht||L1 , d2 = ||h1 − ht||L2 , d3 = DKL(h1, ht). In the second class, the
dissimilarity between the local histograms is computed as difference between the
individual measures of each of the histograms di = mi(h1)−mi(ht) [115]: the first
four moments, the mode, the energy; and the maximum of difference between the
cumulative distribution functions of the histograms dn = max(cdf(h1)− cdf(ht)).
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7.2.4 Disease Progression Measure
Since LOIs have a certain region of influence, it is not required to compare each
and every point in the images. Therefore, a sparse representation of the image
is used for comparison instead, where comparison is only performed on a fixed
number of regions, Ns, sampled randomly within the lung regions.
For every sample xi we compute the set of dissimilarity measures DI =
D(I1, It) between the images I1 and It, and the filtered versions of the images
DG = D(I1,σ, It,σ), DGM = D(|∇I1,σ|, |∇It,σ|). The subscripts I,G,GM denote
the original image and response to the Gaussian and Gaussian magnitude filters
respectively. Therefore dissimilarity between the two images at the location xi is
defined by the dissimilarity vector ~D1,t = {DI , DG, DGM}1,t.
The dissimilarity measures from the first class assess the distance between the
corresponding local histograms. The dissimilarity measures from the second class
assess the change in the histogram characteristics. If two histograms differ, dis-
similarity measures from the first class are strictly positive while the dissimilarity
measures from the second class result in both positive and negative values. We
are interested in local changes regardless of the sign therefore only the magnitude
of the dissimilarity measures is considered. Finally, the measure of local changes
p1,t(xi) at the sample xi between the images I1 to It is computed as the L1-norm
of the dissimilarity vector, as follow, p1,t(xi) = || ~D1,t||L1 .
7.3 Experiments
7.3.1 Data
We conducted experiments on subjects with Alpha 1-antitrypsin deficiency
monitored during a period of 30 months. A total of 27 subjects were included
into the experiments. For each subject low-dose CT images were acquired at five
time points: at baseline, after 3, after 12, after 21, and after 24 or 30 months.
Out of 27 subjects 11 were scanned after 24 months. The scans were acquired
using a tube voltage of 140 kVp, exposure 40 mAs, in-plane resolution 0.78 mm
and slice thickness 2 mm without overlap.
Lung function tests were acquired along with the CT scans, of which we used
the forced expiratory volume in 1 second (FEV1). At baseline all the patients
performed lung function tests and average FEV1 for all the subjects was 1.54±
0.68 L, and TLC was 8.02 ± 1.57 L, the ratio FEV1/TLC was 20.27 ± 10.38 %.
For the last visit there are 2 missing lung function tests, and the average over the
remaining 25 subjects is FEV1 1.29±0.71L, TLC 7.45±2.51 and ratio FEV1/TLC
17.93± 9.04 %.
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7.3.2 Measuring Local Emphysema Progression
The four follow up CT scans I2, I3, I4, I5 were first registered to the baseline
image I1. The segmented lung fields from the baseline image I1 were eroded with
a cubic structuring element of size of 3 × 3 × 3 voxels and Ns = 2000 positions
were randomly sampled from the eroded lung fields. In our experiments we chose
the Gaussian scale of the filters σ = 1 voxel. The radius of the aperture function
A was set to α = 20 voxels, and the weights were truncated at 3α radius. For
the intensity-based histograms the bin width was set to 1 HU resulting in 1000
bins in total in the intensity range from −1000 to 0 HU. For the histograms of
the filtered images, the number of bins was set to 1000 and the bin edges were
placed uniformly covering the full range of filter responses.
Within a 3 month period changes are expected to be relatively small, there-
fore the dissimilarities observed in this period reflects mostly image dissimilarity
caused by misregistration and interpolation. From these pairs of images we ob-
tained the mean and the standard deviation of the dissimilarity vector ~D1,2.
Further we normalized all the dissimilarity vectors ~D1,t=2,3,4,5 with respect to the
obtained mean and standard deviation and then computed the corresponding
progression measures p1,t=2,3,4,5.
7.4 Results
Table 7.1 reports the summary of the conventional emphysema progression
measurements, the decline in FEV1 (∆FEV1 in L) and increase of relative area
below the 950HU(∆RA950 in [%]). The conventional measures were compared
with the proposed feature-based disease progression measures. Disease progres-
sion measure (PM) on a subject level was computed as the average of dissimilarity
measures for all spatial locations. We tested the complete set of dissimilarities
(PM (all)); only Kullback-Leibler divergence between the local histograms of the
smoothed images as the local dissimilarity measures (PM (KL)); and only local
increase in RA950HU (PM (loc∆RA950)). Table 7.1 presents the average disease
progression measures for all consecutive follow up visits. A time trend analysis
was performed for the disease progression measurements using a linear mixed
model with the time between the baseline and a follow up visit as the fixed effect.
For the FEV1 we did not conducted time trend analysis because 9 out of 27 sub-
jects had missing FEV1 measurement at least at one of the visits. The t-values
are reported in the Table 7.1. Additionally, correlation coefficients between the
progression measured at the last visit assessed by either the proposed methods or
by the conventional emphysema score or the lung function are presented in the
Table 7.2.
Figure 7.1 shows samples locations, indicated with circles, overlaying on the
2D-slices extracted from the baseline and the registered follow up images. Radius
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Table 7.1: Summary of the disease progression measures. Left part presents the
average of the progression measures over all subjects for the follow up visits and
the t-value of the time-trend analysis.
Average Progression Time-trend
# mnths 3 12 21 30(24) t-value
∆FEV1 -0.03 0.01 -0.01 -0.13 NA
∆RA950 -1.27 0.08 1.33 1.91 6.37
PM (all) 0.75 0.76 0.89 0.93 3.09
PM (KL) 0.25 0.27 0.30 0.31 7.80
PM (loc∆RA950) 0.0 0.46 0.77 1.03 8.80
Table 7.2: The correlation coefficients between the progression measures obtained
from the last visit with the corresponding p-values in brackets.
Average Progression Correlation coefficients
at 30(24) months ∆RA950 ∆FEV1
∆FEV1
∆RA950 -0.18(0.48)
PM (all) 0.51(0.007) 0.11(0.59)
PM (KL) 0.45(0.02) -0.18(0.39)
PM (loc∆RA950) 0.87(< 0.001) 0.11(0.59)
of a circle in the follow up images is proportional to the dissimilarity measure
computed from the complete set of dissimilarities. Each row displays different
subject.
In order to investigate local consistency of the local disease progression mea-
sures, we tested the simple hypothesis that samples with dissimilarity measure
above a threshold T at the previous follow up visit should not decrease the dis-
similarity measure in the consecutive visits. The threshold on the dissimilarity
measure was selected based on the 25th- and 75th- percentiles, p25 and p75, of the
dissimilarity measures after the 3 months follow up visit, T = p75+1.5(p75−p25),
which corresponds to ∼ 2.7 standard deviations. The total number of samples
with dissimilarity above the threshold T and the relative percentage of those sam-
ples that increase or preserve the same dissimilarity measure in all the successive
visits is reported in the Table 7.3.
Examples of the samples with disease progression measure above the threshold
T are presented in the Figure 7.2. Plot in Figure 7.2a displays a subject where
most of the samples with the large dissimilarity measure after 3 months were
confirmed with all the consecutive follow up scans. Plot in Figure 7.2b displays
a subject where the samples did not show consistent dissimilarity measure over
time.
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Figure 7.1: Rows show mean intensity projection over a stack of 9 sequen-
tial slices, selected from different volumetric images. The left most column shows
slices extracted from the baseline image, the remaining columns show correspond-
ing slices extracted from the registered 3, 12, 21 and 30(24) months follow up
visits, respectively from left to right. All the slices are displayed in the intensity
range [-1000,-900]HU. Locations of the random samples (blue and red markers)
in the corresponding stack were projected to the image slice. In the follow up
images the marker size is proportional to the local dissimilarity measure obtained
from the complete set of dissimilarities.
7.5 Discussion
In this chapter we presented a framework for detection of local emphysema
progression. The overall disease progression measure showed significant correla-
tion (p < 0.01) with increase in the standard CT score, the relative area below
−950HU, between the baseline and the last follow up visit. The correlation with
the decline in FEV1 was not significant for neither the proposed measures nor
for the standard CT score. In our dataset the average FEV1 at baseline was very
low, indicating the severity of emphysema already at the baseline visit. This can
explain the lack of sensitivity to disease progression of the FEV1 measurement.
We analyzed time trend based on the conventional emphysema measurements
and the proposed dissimilarity-based measurements. The time trend was ap-
proximately equally significant for the conventional RA950 disease progression
measure, local increase in RA950 and the measure derived from the Kullback-
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Table 7.3: Comparison of the local dissimilarity measures. Table presents the
overall percentage of samples with dissimilarity measure above the threshold T ;
in brackets the relative percentage of sampled which increased or preserved the
dissimilarity measure above the threshold in all the successive follow up scans.
Overall percentage [%] (confirmed [%])
# mnths 3 12 21 30(24)
PM (all) 5.24(41.61) 5.68(61.48) 9.01(75.87) 10.49
PM (KL) 1.19(38.73) 1.75(56.07) 3.72(78.12) 4.93
PM (loc∆RA950) 2.86(9.07) 4.38(33.94) 8.88(60.54) 11.48
(a) (b)
Figure 7.2: All selected random samples marked in blue color. Locations with
the significantly large dissimilarity measure obtained from the complete set of
features at the 3, 12, 21, 30(24) months follow up visits are indicated in green,
yellow, orange and red markers respectively.
Leibler divergence between local histograms of the smoothed images. The time
trend was less significant for the measurement obtained from the complete set of
dissimilarities. One of the possible explanations could be sensitivity of the partic-
ular dissimilarity measure to the change in image appearance not related to the
emphysema progression, for example inflammation or change in local topology
like collapsing or appearing bullae. Another possible explanation could be in the
construction of the overall combined disease progression score from the complete
vector of dissimilarities.
The current drawback of the proposed method is the simplification of the
complete dissimilarity vector by its norm. The emphysema is usually charac-
terized by the destruction of the lung tissue thus decreasing image intensities,
while inflammation should result in increase of image intensities. In the current
framework the two phenomena could result in equal dissimilarity measures. The
specific dissimilarity measures such as difference in means of the local histograms
is capable of differentiating between the two processes, therefore a careful inves-
tigation of the dissimilarity measures should be done. Furthermore an automatic
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classification approach could be adapted for this problem, where samples from
the image pairs with the 3 months follow up scan represent stable group while
samples from the image pairs with the 30(24) months follow up scan represents
the progressed group.
To conclude, we proposed a method for estimating local disease progression.
Results suggested that emphysema progression can be detected before the tissue
intensity decreases below the standard CT threshold of -950HU.
7.6 Appendix
This section presents four interesting cases in our dataset. For each case the figure
displays snap shots of the baseline and the deformed follow up images and the
table presets lung function test (FEV1), global emphysema index (RA950), and
averaged local dissimilarity measures computed from the complete set of features
(PM (all)); from Kullback-Leibler divergence of the smoothed image histograms
(PM (KL)); and local emphysema index, (PM (loc∆RA950)).
Each row in the top figure shows mean intensity projection over a stack of 9
sequential slices, uniformly sampled from the volumetric image. The left most
column shows slices extracted from the baseline image, the remaining columns
show corresponding slices extracted from the registered 3, 12, 21 and 30(24)
months follow up visits, respectively from left to right. All the slices are displayed
in the intensity range [-1000,-900]HU. In the bottom part of the figure, three plots
show locations of all random samples (blue color) and locations that were marked
as outliers based on the progression measure computed from the complete set of
features (the left plot); from the Kullback-Leibler divergence of the smoothed
image histograms (the middle plot); and from the local area below -950HU (the
right plot). Locations marked as outliers in the 3, 12, 21 and 30(24) months
follow ups are indicated in green, yellow, orange and red colors respectively.
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Case A 3mnths 12mnths 21mnths 30(24)mnths
RA950 44.15 42.60 40.96 45.13 46.22
FEV1 1.41 1.50 1.57 1.44 1.36
PM (all) 0.96 1.10 1.13 1.47
PM (KL) 0.70 0.78 0.93 1.16
PM (loc∆RA950) -0.18 -0.62 0.45 0.91
(a)
(b) (c) (d)
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Case B 3mnths 12mnths 21mnths 30(24)mnths
RA950 40.52 34.24 36.80 37.90 43.69
FEV1 1.51 1.43 1.38 1.36 1.13
PM (all) 0.99 0.97 0.95 0.77
PM (KL) 0.67 0.75 0.82 0.89
PM (loc∆RA950) -1.18 -0.38 -0.27 0.43
(a)
(b) (c) (d)
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Case C 3mnths 12mnths 21mnths 30(24)mnths
RA950 62.00 59.82 61.57 70.50 69.94
FEV1 1.08 1.03 1.06 NA NA
PM (all) 1.08 1.09 3.47 3.49
PM (KL) 0.84 0.92 1.60 1.64
PM (loc∆RA950) -0.04 0.40 2.73 2.95
(a)
(b) (c) (d)
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Case D 3mnths 12mnths 21mnths 30(24)mnths
RA950 28.33 24.46 30.30 30.92 31.29
FEV1 2.64 2.64 2.57 2.48 2.40
PM (all) 0.78 0.68 0.79 0.86
PM (KL) 0.46 0.60 0.61 0.66
PM (loc∆RA950) -0.73 1.04 1.16 1.42
(a)
(b) (c) (d)

Chapter 8
Summary and Discussion
Science is always wrong. It never solves a problem
without creating ten more.
— George Bernard Shaw
In this thesis, the problem of image registration for monitoring disease pro-
gression was investigated. Provided the point correspondence between the two
longitudinal CT lung scans, the changes between the scans is revealed in the dif-
ference image. Image registration is a powerful tool and capable of establishing
point correspondence with an accuracy of just 1 voxel. For monitoring disease
progression such an accurate registration could be unfavourable, because then the
deformed image will appear exactly the same as the fixed image and the differ-
ence between the two will be completely eliminated. An example illustrating the
performance of the registration method was presented in the Chapter 1, where
bulla expanded over the time and bullas borders was not matched. The change
in bulla size was apparent in the difference image.
We started with a conventional image registration method, where multi-level
B-Spline transform function and sum of squared differences dissimilarity function
were used. The size of the B-Spline grids were conditioned upon the scale of lung
lobes, segments and sub-segments. Human lungs contains 5 lobes and 18 lung
segments. With an average lung volume of 5 liters, the linear scale of a lung lobe
is approximately 10 cm and the linear scale of a lung segment is approximately
6.5 cm. We wanted to establish an accurate correspondence but not to overfit
the images and eliminate the difference between the two images, thus size of the
smallest B-Spline grid was about 2.5 cm. Whereas size of the smallest B-Spline
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grid in our registration algorithm was generally larger than the size used in other
B-Spline-based registration algorithms, the accuracy of the proposed registration
method was comparable with the existing registration algorithms. Authors in
[38, 50, 109] reported the size of the smallest B-Spline grid of approximately 8
voxels; K. Murphy et al. [78] reported 10 mm; Z. Wu et al. [48] reported the size
of 50 mm.
Registration of lung CT scans is a complex problem, because lung appear-
ance significantly depends on the inspiration level. Although subjects in this
study were scanned at the maximum inspiration level, the variation in lung vol-
ume between the longitudinal scans was up to one liter leading to the complex
and non-homogeneous deformations of lungs. Additional inspiration resulted in
lower intensities of lung parenchyma in CT scans. This could be confused with
the emphysema progression since emphysema is a destruction of lung tissue and
also results in intensity decrease of lung parenchyma. The change in inspiration
affects all the conventional densitometric measurements, e.g., relative area below
950HU, 15th percentile density and average lung density thus making it unreliable
measures of emphysema progression. We proposed a novel solution - the mass
preserving model of lungs, where lung density is inversely proportional to the local
volume change in lungs. This model allows to compensate the regional change in
intensity related to the regional change in the inspiration level. In Chapter 2 we
investigated the mass preserving model and showed that incorporation mass pre-
serving model directly into the image registration improves registration accuracy.
Recently, the mass preserving model of lungs was also studied by other research
groups and also showed better registration accuracy and more feasible deforma-
tions of lungs [38, 116, 56, 107]. The recent study [107] showed correlation of 0.9
between the lung ventilation estimated from the Xe-CT images and estimated
from the mass preserving image registration. The mass preserving model was
successfully applied in pilot experiments on monitoring emphysema progression
presented in the Chapter 6 and in [31].
After spending numerous hours looking at the registration results, I was con-
vinced that intensity-based registration could not register peripheral area ac-
curately. Therefore we developed a feature-based algorithm dedicated to match
vessels centerlines in Chapter 3. The algorithm was based on the existing current-
based registration where no point correspondence was required. Question of how
to combine information from the current-based registration in Chapter 3 and
the intensity-based registration in Chapter 2 was addressed in Chapter 4. We
proposed a novel registration method, where intensity-based registration was con-
strained with the deformations of the vessel centerlines obtained from the current-
based registration. The important result was that by incorporating information
from the feature-based registration into the intensity-based registration we were
able to improve the accuracy of the registration using the same transformation
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model. The recent study [107] showed that incorporating dissimilarity between
vesselness filter responses along with the dissimilarity between the original im-
ages significantly improves registration accuracy. The downside of the proposed
approach was its computational complexity. Therefore we returned to the image
registration method from Chapter 2 in the following experiments.
Finally, we revisited the emphysema progression problem and this time we de-
veloped a framework which compensates for small mis-registrations. Alignment
of longitudinal images was a first step towards analysis of regional emphysema
progression. Although image registration provides point-to-point correspondence
with accuracy of few millimeters, the direct point-to-point comparison of lung
CT images has critical drawbacks. First, intensity of lung CT image only par-
tially related to the true density of the tissue, because of the noise and partial
volume effect. Secondly, different regions in lungs are registered with different ac-
curacy, therefore in regions with lower registration accuracy direct point-to-point
comparison is affected more by mis-registrations. Instead of the direct point-
to-point comparison of image intensities, we proposed to adapt the concept of
locally orderless images. Local image histograms at the corresponding locations
in the baseline and deformed follow up images were compared by means of sev-
eral dissimilarity measures. Along with the original images, we computed local
histograms from the filtered versions of the images, e.g., gaussian blur and gra-
dient magnitude filters. Dissimilarity measures included both distance measure
between histograms and differences in individual measurements, e.g., moments of
histograms. This framework is both robust to noise presented in the images and
to small mis-registrations. Experiments showed promising results however more
detailed investigation should be performed.
To conclude, four main contributions were made in this thesis:
• mass preserving registration was proposed and justified on a large amount
of data;
• current-based registration framework was adapted for registering lung CT
scans;
• combined feature-based and intensity-based registration method was pro-
posed and validated via manually annotated landmarks;
• framework for monitoring emphysema progression was developed and tested
on patients with Alpha-1 Antitrypsin Deficiency.
8.1 Discussion
The proposed mass preserving model is a simple model, where density of lung
tissue is assumed to be inverse proportionally to the volume. With the mass
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preserving model, intensities are linearly transformed with the fixed point at the
intensity of air, -1000HU. Generally, if we observe uniform expansion of lungs, we
believe that for lung parechyma mass preservation is correct, but for expanding
vessel the mass preservation is not applicable. If a vessel expands/contracts inten-
sity or density should remain constant. This leads to a second fixed point in the
intensity adjustment model at 0 HU. Since there is no linear intensity adjustment
model with two fixed points, e.g., at the value -1000HU and 0HU, the intensity
adjustment should be applied locally only for voxels from lung parenchyma.
If an image registration algorithm provides feasible deformations of lungs
caused by additional inspiration, the mass preserving model will then compen-
sate lung tissue density change imposed by the deformations. The physiologically
correct and plausible deformations are critical issues for the mass preserving lung
model. Recent study by Kabus S. et al. [24], compared deformation fields of
several registration algorithms. Even with comparable registration accuracy, dif-
ferent algorithms resulted in significantly different deformation fields. Therefore
a thorough inspection of the deformation field is needed before applying mass
preserving intensity correction.
Another question that should be investigated is the range of lung volume
changes where mass preservation holds. For example, during tidal breathing the
range of possible lung volumes is significantly smaller than variations in lung
volume from maximum expiration to maximum inspiration. In those extreme
cases preservation of lung mass may not hold. Another case when inflammation
is observed only in one of the scans, the mass preserving model of lungs does not
hold. In those cases a more advanced model of lungs should be developed.
An interesting research topic addressed in this thesis was the problem of moni-
toring disease progression. With the proposed local image comparison framework
several questions could be further investigated, e.g., how the emphysema progres-
sion in a region affects the surrounding regions and how we could predict disease
development.
An interesting question that could be investigated in the future, is local anal-
ysis of deformation fields. Assuming that registration provides physiologically
correct deformations of lungs, one could investigate if there is a difference in
the deformations of healthy and diseased tissues. Since emphysema is character-
ized by decrease of lung tissue elasticity this phenomena may be reflected in the
deformation fields.
Several research questions emerged along the past three years were not inves-
tigated in the thesis. With the rapidly increasing number of longitudinal lung CT
studies and many research groups working on the topic, those questions definitely
will be solved in foreseeable future.
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